Abstract. Unmanned Aerial Vehicle (UAV) is very useful for information gathering in Intelligence, Surveillance, and Reconnaissance (ISR) mission. On the basis of uncertainty theory, the main purpose of this paper is to study a new kind of UAV ISR mission planning problem involving multiple objectives under uncertain environment. In particular, the mission planning objectives are influenced by the same uncertain factors simultaneously, that is to say, they are correlated or dependent with each other. In this case, the traditional multiobjective approach cannot guarantee the uncertain nature and take into account the dependence among uncertain objectives in the UAV ISR mission planning problem. In order to overcome the disadvantage in traditional approach, a new solution approach is introduced for obtaining the P E Pareto efficient routes for it, which involves transforming the original ISR mission planning problem into a single objective uncertain programming problem. Two specific compromise models are proposed using this new solution approach respectively, whose validity is proved theoretically. Finally, an application case study with 13 ISR targets is provided and solved. The results show that the proposed model and solution approach have excellent consistency and efficiency in solving the uncertain UAV ISR mission planning problem presented in this paper.
Introduction
Increasingly over these years, the use of unmanned aerial vehicle (UAV) is becoming highly common in the missions that are considered "dull, dirty, and dangerous" (3D) in military operations, one of these 3D missions is Intelligence, Surveillance, and Reconnaissance (ISR) mission. The dependability, persistence, and versatility of UAV have proven themselves indispensable in conducting ISR mission over the battlefield. In a UAV ISR mission, the UAV takes off from the starting point (base), flies through defense areas to get to each target, and returns back to the base. The UAV is expected to use the route that satisfies multiple objectives, such as the shortest distance traveled, lowest fuel consumption, minimum total flight time, least detection threat, maximum safety and etc.. Usually, these objectives are conflicting with each other. How to properly manage and fully realize the capabilities of UAV force, ensure UAV's effective deployment to outstanding targets, and find the "best" route that the UAV should follow through a defended area is critically important, which leads to the study of multiobjective UAV ISR mission planning problem [1] [2] [3] [4] . These studies have largely treated the UAV ISR mission planning problem as a deterministic multiobjective programming (MOP) problem with perfectly known parameters.
However, considering those unknowns in the battlefield, named as the fog of war, most of UAV operations are not necessarily be deterministic. For example, due to deviations from the expected weather circumstances, the flight time of UAV may take longer or shorter than expected, then the actual mission duration required to complete the planned route will deviate from the expected time. Obtaining the UAV ISR mission plan by a standard MOP where the indeterminacies are ignored, is likely to result in an infeasible or suboptimal flight plan. With the great improvement of probability theory, indeterminacies in the ISR mission lead naturally to consider probability models based on predefined probability distributions of the random factors in UAV deployment, and the stochastic UAV ISR mission planning problem has been studied in a number of papers based on probability theory and combinatorial modeling. Frazzoli and Bullo [5] designed a decentralized algorithm for the UAV mission planning in a stochastic time-varying environment, then [6] studied the performance bounds of the problem poposed by [5] , further, [7] studied the theoretical characteristics of the problem proposed by [5] and provided two efficient solution strategies. Pavone et al. [8, 9] studied the UAV mission planning problem in stochastic and dynamic environment. Evers [10] studied the UAV mission planning problem with stochastic fuel consumption and target value, then [11] further studied the UAV mission planning problem where the targets' time windows are stochastic and designed a heuristics for the problem.
As we know, a premise of applying probability theory is that the obtained probability distribution should be close enough to the true frequency. In order to get it, we should have enough samples. Unfortunately, there is little prior knowledge of the combat environment due to the dynamic and complex characteristic inherently, the sample size we can obtain is always too small to estimate a probability distribution about an event. Furthermore, the estimates of indeterminacies are often based on data we gather through observations, which are themselves subject to flaws due to real-world disturbances, such as noisy sensors or even deceptive adversarial strategies. In this case, we have to invite some domain experts to evaluate their belief degree that each event will occur. For instance, before we assign the UAV to fly over dangerous zones for ISR missions, we can obtain the belief degree that the UAV will be incapacitated by enemies from domain experts, rather than the probability which is on the basis of large sample size. Furthermore, the exact range of a UAV in ISR mission, the distances between targets, and the time required to service those targets are also indeterminate, but cannot be categorized as randomness.
In fact, such types of indeterminacy are called uncertainty, which are ubiquitous in UAV battlefield, such as "high speed", "about 150 km", "roughly 95 kg" and etc.. A lot of surveys showed that human beings usually overweight unlikely events, and the personal belief degree may have much larger variance than the real frequency [12] . Liu [13] declared that it is inappropriate to apply both probability theory and fuzzy set theory to uncertainty, because both theories may lead to counterintuitive results in this case. In order to deal with such kind of uncertain problem, the uncertainty theory was founded by Liu [14] in 2007, and refined by Liu [15] in 2010, which is a branch of mathematics based on normality, monotonicity, self-duality, and countable subadditivity axioms, as a mean of handling uncertainty that is due to imprecision rather than randomness.
Nowadays, the uncertainty theory has been widely applied to various fields involved with indeterministic information, especially expert data and subjective estimation. From a theoretical aspect, uncertain process [16] , uncertain differential equation [17] , and uncertain logic [18] have been established. From a practical aspect, it has been widely applied to mathematical programming, and has brought out a branch of uncertain programming [19] which is a spectrum of mathematical programming involving uncertain variables. So far, uncertain programming has been applied to travelling salesman problem [20] , redundancy allocation problem [21] , two-stage programming problem [22] , inventory problem [23] , and so on. Obviously, solving UAV ISR mission planning problem based on uncertainty theory and multiobjective programming will be much closer to the real-world battlefield, but the literatures about uncertain UAV mission planning problem are still very few. To the best of our knowledge, only Guo [24] put forward several definitions and models with respect to uncertain multiobjective UAV mission planning problem in the previous work, which considered it as an uncertain multiobjective programming problem. The solution method for uncertain multiobjective UAV mission planning problem proposed by Guo [24] is to convert the original uncertain MOP problem into a deterministic MOP problem first, and then combine these deterministic objectives linearly and minimize the resulting single objective problem. However, in the practical UAV mission planning, since the objectives are always influenced by the same uncertain factors simultaneously, the objectives are actually correlated or dependent with each other. For example, the fuel consumption and flight time are influenced by the weather condition in the UAV ISR mission area simultaneously, a good weather condition will decrease the fuel consumption and flight time at the same time. In this case, when each objective function is transformed into its equivalent deterministic function separately, the possible existence of uncertain dependences among objectives and the uncertainty nature of original uncertain UAV mission planning problem are not taken into account.
In order to guarantee the uncertain nature in uncertain MOP problem, Wang [25] proposed a new solution approach, named uncertain approach, which transforms the original uncertain MOP problem into a single objective uncertain programming problem first, and then into its equivalent deterministic problem under P E principle. However, the uncertain objectives considered in literature [25] are independent with each other. Considering the possible existence of uncertain dependences among objectives in uncertain UAV mission planning problem, the uncertain approach is applied in this paper, where the solution procedure is similar but the proof process is very different from literature [25] . Based on the P E principle and the definition of P E Pareto efficient route, it is proved that the optimal route obtained using this new method is P E Pareto efficient to original uncertain multiobjective UAV mission planning problem, and it is shown that the route obtained using this new method is usually different from that obtained using traditional approach.
The paper is organized in the following manner. In Section 2, some useful definitions and properties about uncertainty theory with application to uncertain UAV ISR mission planning problem are introduced. In Section 3, the UAV ISR mission planning problem with multiple correlated uncertain objectives is described, and its corresponding mathematical models are presented. In Section 4, a new solution methodology is proposed to generate P E Pareto efficient route of the mission planning problem described in Section 3 based on the P E principle, whose validity is proved. In Section 5, an application case study with 13 ISR targets is provided and solved in order to illustrate the efficiency of the proposed solution method. Finally, a brief summary is given and some open points are stated for future research work in Section 6.
Preliminaries
Uncertainty theory is a branch of axiomatic mathematics based on normality, duality, subadditivity and product axioms. The basic and essential definition in uncertainty theory is uncertain measure, which is used to indicate the belief degree of each event. In this section, uncertain measure, uncertain variable and several useful definitions and theorems are introduced for the completeness of the paper.
Let be a nonempty set, and L a σ-algebra over . 
Besides, a product axiom was given by [19] for the operation of uncertain variables in 2009.
Axiom 4. (Product
Uncertain variable is used to represent quantities in uncertainty. Essentially, it is a measurable function on an uncertainty space. Definition 2.1. (Liu [14] ) An uncertain variable is a measurable function ξ from an uncertainty space ( , L, M) to the set of real numbers, i.e., for any Borel set B of real numbers, the set {ξ ∈ B} = {γ ∈ | ξ(γ) ∈ B} is an event. [19] ) The uncertain variables ξ 1 , ξ 2 , · · · , ξ n are said to be independent if 
Definition 2.2. (Liu
provided that at least one of the two integrals is finite. [12] ) An uncertain variable ξ is called linear if it has a linear uncertainty distribution 
Definition 2.7. (Liu
(x) = ⎧ ⎪ ⎪ ⎨ ⎪ ⎪ ⎩ 0, i fx ≤ a (x − a)/(b − a), if a ≤ x ≤ b 1, i fx ≥ b denoted by L(a,(x) = ⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 0, i f x ≤ a (x − a)/2(b − a), i fa≤ x ≤ b (x + c − 2b)/(2(c − b)), if b ≤ x ≤ c 1, i f x ≥ c
Definition 2.9. (Liu [12]) An uncertain variable ξ is called lognormal if ln ξ is a normal uncertain variable N(e, σ).
In other words, a lognormal uncertain variable has an uncertainty distribution
, where e and σ are real numbers with σ > 0. 
is strictly increasing with respect to x 1 , x 2 , · · · , x m and strictly decreasing with respect to
is an uncertain variable with inverse uncertainty distribution 
Problem description and mathematical formulation
After the list of potential ISR targets is developed, validated, nominated, and prioritized, the detailed task orders or the paths a UAV will take to and from the targets should be determined. In order to implement the ISR missions, a detailed plan must be generated of how the UAV can reach the targets considering multiple decision objectives. This fact means that UAV ISR mission planning problem may contain many tours, each performing relatively better than others in some objectives. The overall problem may then be defined as finding a tour that gives the best combination of the objectives for the decision maker (DM).
An example of this problem is shown in Fig. 3 .1, where six targets spread over a terrain of 150 by 100 units are considered. The UAV must depart from the base, survey a set of targets, and return to the base under the mission constraints, such as its maximum fuel amount, its maximum flight time and so on. The calculation of objectives in ISR mission planning problem is based on the flight time, flight distance, fuel usage and enemies' threats on the flight path between targets. Typically, these data would be influenced by the weather condition, the threat areas, the mission landform and so on, which are derived from domain experts. That is to say, the objectives in UAV ISR mission planning problem are uncertain and correlated in nature. Obviously, the objectives conflict with each other in the ISR mission planning problem. For instance, in order to reduce the mission risk, the UAV needs to avoid the threat from enemy, while the distance between two targets may be extended and the mission time and fuel usage are increased further. The existence of multiple conflicting, uncertain and correlated objectives in ISR mission planning problem produces a complex landscape, which can be solved based on uncertainty theory and multiobjective programming techniques.
Mathematical formulation
According to the UAV ISR mission planning problem described above, the data inputs we use to define a particular scenario are listed as follows:
n: number of locations UAV needs to visit, including its primary base and the targets; 
f k (κ(X), η): the optimization objectives of mission planning problem, k = 1, 2, · · · , p; g l (κ(X), η): the constraints of mission planning problem, l = 1, 2, · · · , q;
For simplicity, since the UAV needs to return the base after ISR mission, the K 1 can be set as the serial number of base location. The output from the UAV ISR mission planning problem is a task plan, which specifies the routes that the UAV takes through assigned targets, and must begin and end at the primary base.
Based on the data inputs defined above, the mathematical formulation of UAV ISR mission planning problem can be presented as follows:
where f k (κ(X), x 1 , x 2 , · · · , x m ) is strictly increasing with respect to x 1 , x 2 , · · · , x t and strictly decreasing with respect to x t+1 , x t+2 , · · · , x m , k = 1, 2, · · · , p.
Remark 1.
As shown in model (3.1), the objective function in the UAV ISR mission planning problem becomes dependent not only on the route plan κ(X), but also on an uncertain influence from uncertain variables η = (η 1 , η 2 , · · · , η m ). In practical battlefield, these uncertain factors may represent the weather condition, the enemy weapon deployment, the radar detection area, the detailed obstacles in the landform and so on, which will impose uncertainty on the objectives like mission duration, mission risk, mission cost, etc.. Since the objective functions in model (3.1) are completely influenced by the same uncertain factors in UAV mission terrain, all objectives in the UAV ISR mission planning problem we proposed are correlated or dependent with each other.
Remark 2.
The objective functions in model (3.1) are comonotonic for the same uncertain variable. This is in accordance with the real ISR mission environment.
For example, the good weather condition will reduce the flight time, mission risk and fuel consumption, while the bad mission environment will increase the flight time, mission risk and fuel consumption at the same time.
Remark 3. In model (3.1) proposed above, the form of each objective function depends on the real application context we consider. Obviously, there exist many detailed forms to formulate the objective functions in uncertain UAV mission planning problem, usually it is formulated according to the practical application considered.
As the objectives usually conflict with each other in UAV mission planning problem, there is no optimal route that simultaneously minimizes all the objective functions, that is to say, it is impossible to improve any one of uncertain objectives without sacrificing on one or more of other uncertain objectives. Considering the dependence among objectives in model (3.1), a new concept of Pareto efficient mission route should be defined on the uncertain objectives directly instead of the converted deterministic objectives, which will assure the uncertain nature and preserve the dependence among objectives in original uncertain UAV mission planning problem. In order to obtain such a kind of new Pareto efficient route, a new solution methodology is proposed in the following section.
The solution methodology under P E principle

Some useful definitions and theorems
In order to define Pareto efficiency in UAV ISR mission planning problem on the uncertain objectives directly, the definition of relationship between uncertain variables should be introduced first. When defining the relationship between uncertain variables using Definition 4.1, we call it the expectedvalue principle P E . Other definitions of relationship between uncertain variables and corresponding principles can be referred to the literature [25] . As the expected value of uncertain variable is widely used in real-life problem, the uncertain multiobjective UAV ISR mission planning problem (3.1) is solved under P E principle to obtain P E Pareto efficient routes in this paper.
Definition 4.2.
A feasible route κ * (X) is said to be P E Pareto efficient to the uncertain UAV ISR mission planning problem (3.1) if there is no feasible route κ(X) such that
subject to :
is strictly increasing with respect to x 1 , x 2 , · · · , x t and strictly decreasing with respect to x t+1 , x t+2 , · · · , x m , k = 1, 2, · · · , p. Note that since the uncertain constraints g l (κ(X), η) ≤ 0 do not define a crisp feasible set, they have been converted into chance constraints hold with confidence levels α 1 , α 2 , · · · , α q in problem (3.1), which is a crisp feasible set. For convenience, we use D to denote the feasible route set
Before solving the model (4.1), we need to define the optimal route of it. 
for any feasible solution κ(X). Obviously, the optimal route to problem (4.1) is also defined under the relationship between uncertain variables.
According to Definition 4.3 and the requirement of Pareto efficiency, a road map can be drawn for the solution of uncertain multiobjective UAV ISR mission planning problem, that is, find a real-valued measurable function U to transform the original problem into a single objective mission planning problem first, then obtain its equivalent deterministic one under P E principle, and finally prove that the optimal solution to single objective mission planning problem (4.1) is still Pareto efficient to the original mission planning problem (3.1).
Since the objectives are dependent with each other in uncertain multiobjective UAV ISR mission planning problem (3.1), which is different from the uncertain MOP problem proposed in [25] , in order to prove the validity of this new approach for problem (3.1) under P E principle, four theorems are presented first as follows: 
We use −1 (α) to denote
For any real number λ > 0, we can obtain that
That is to say, we can obtain λf (κ(X), η) (or ≺ ) λf (κ * (X), η). The theorem is proved. 
Then we can obtain that 1 0 f 1 (κ(X), −1 (α)) + f 2 (κ(X), −1 (α))dα,
are two functions strictly increasing with respect to x 1 , x 2 , · · · , x t and strictly decreasing with respect to 
that is to say, f 1 (κ(X), η) + f 2 (κ(X), η) ≺ f 1 (κ * (X), η) + f 2 (κ * (X), η). The theorem is proved. 
It follows from Theorem 2.2 that
As f 0 is the lower bound of f (κ(X), η) for κ(X) ∈ D, it is also the lower bound of f (κ(X), −1 (α)) for all feasible routes. Then we can obtain that
In addition, (f (κ(X), η) − f 0 ) 2 and (f (κ * (X), η) − f 0 ) 2 are strictly increasing with respect to η 1 , η 2 , · · · , η t and strictly decreasing with respect to η t+1 , η t+2 , · · · , η m , according to Theorem 2.2, we can get that
The theorem is proved. 
, η) are strictly increasing with respect to η 1 , η 2 , · · · , η t and strictly decreasing with respect to η t+1 , η t+2 , · · · , η m , according to Theorem 2.2, we can get that
Note that, in order to guarantee that the availability of Theorems 4.3 and 4.4, the lower bound of single objective f (κ(X), η) for feasible route set κ(X) ∈ D, f 0 , must exist and greater than 0. Actually, in the real-life UAV mission planning problems, nearly all of decision objectives are bounded and positive, such as flight distance, fuel consumption, flight time, etc..
According to those well-known compromise models used in transforming the deterministic MOP problem into a deterministic single objective programming problem, two compromise models built by linear weighted method and ideal point method are considered in our new solution approach here, and then their validity with application to this new solution road map is proved, respectively.
The first compromise model
The first compromise model we proposed is built using linear weighted method, which converts the original uncertain multiobjective UAV ISR mission planning problem (3.1) into an uncertain single objective optimization problem by weighting the objective functions according to the importance of each objective, i.e.,
where Proof. Suppose that κ * (X) is the optimal route of uncertain single objective optimization problem (3), but it isn't P E Pareto efficient to the original uncertain multiobjective UAV ISR mission planning problem (1) . By the Definition 4.2, there must exist some feasible routes like κ(X) such that f j (κ(X), η) f j (κ * (X), η), and
that is to say, F (κ(X), η) ≺ F (κ * (X), η). It follows from Definition 4.3 that κ * (X) is not the optimal route of uncertain single objective optimization problem (3), which contradicts with the previous hypothesis that κ * (X) is the optimal route. Hence, κ * (X) is P E Pareto efficient to the original uncertain multiobjective UAV ISR mission planning problem (1). The theorem is proved.
The second compromise model
The second compromise model we proposed is built using the ideal point method, which converts the uncertain multiobjective UAV ISR mission planning problem (1) into an uncertain single objective optimization problem by minimizing the distance function from a route as follows:
where f 0 j denotes the lower bound of single objective f j (κ(X), η), j = 1, 2, · · · , p, on feasible route set without considering other objectives. Proof. Suppose that κ * (X) is the optimal solution of uncertain single objective optimization problem (4), but it isn't P E Pareto efficient to the original uncertain multiobjective UAV ISR mission planning problem (1) . By the Definition 4.2, there must exist some κ(X) such that f j (κ(X), η) f j (κ * (X), η), and
Without any loss of generality, let us assume when j = j 0 , f j 0 (κ(X), η) ≺ f j 0 (κ * (X), η). As f 0 j 0 is the lower bound of f j 0 (x, η), according to Theorem 4.3 we can get that
When j / = j 0 , according to Theorem 4.3 we can get that
According to Theorem 4.2, we can obtain that
It follows from Theorem 4.4 that
that is to say, F (κ(X), η) ≺ F (κ * (X), η). It follows from Definition 4.1 that κ * (X) is not the optimal route of uncertain single objective optimization problem (3), which contradicts with the previous hypothesis that κ * (X) is the optimal route. Hence, κ * (X) is P E Pareto efficient to the original uncertain multiobjective UAV ISR mission planning problem (1). The theorem is proved. Note that, Theorem 4.6 is also applicable to the situations as follows
, q is integer greater than one.
Case study
Due to security reasons, real instances of UAV ISR mission planning problem are mostly restricted. Therefore, in order to illustrate the approach of solving uncertain UAV ISR mission planning problem based on uncertain approach, an application case study with 13 reconnaissance targets is presented in this section. As shown in the Fig. 5 .1, the 14 locations are produced randomly on a 100 × 100 units, all the targets are numbered and the UAV base is numbered as 1. The coordinates of these 14 locations are presented in Table 5 .1.
Follow the coordinates presented in Table 5 .1, it can obtain the deterministic distance matrix Considering the nonlinear coupling effect of these uncertain factors on the mission objectives, the uncertain multiobjective UAV ISR mission planning problem in this case study is formulated as follows:
where η = (η 1 , η 2 , η 3 ), and the three objective functions are presented as
* ln(η 1 )
From the objective functions presented above, it is obvious that Time(κ(X), η), Threat(κ(X), η), and Fuel(κ(X), η) are strictly increasing with respect to η 1 and η 3 , and strictly decreasing with respect to η 2 .
Using the linear weighted method in uncertain approach proposed in subsection 4.2, the original problem (5.1) can be converted into an uncertain single objective UAV ISR mission planning problem as follows,
Then we can convert the model (5.2) into a deterministic single objective mission planning problem under P E principle.
where
and −1 (α) = (
3 (α)). According to the DM's preference, the objectives are assigned with different weights. In this paper, three scenarios are considered: Scenario 1. The DM considers the mission duration as the most important factor, that is to say, the DM needs the situation information in the mission area as soon as possible. So the weight of mission duration in minimization model (5.3) should be the largest. In this case, we set λ 1 = 0.6, λ 2 = 0.2, λ 3 = 0.2.
Scenario 2.
The DM considers the mission safety as the most important factor, that is to say, the DM hopes that the UAV can return the base as successful as possible. So the weight of mission threat in minimization model (5.3) should be the largest. In this case, we set λ 1 = 0.1, λ 2 = 0.8, λ 3 = 0.1.
Scenario 3.
The DM considers the mission cost as the most important factor, that is to say, the DM hopes that the UAV consume the fuel in the mission as little as possible. So the weight of fuel consumption in minimization model (5.3) should be the largest. In this case, we set λ 1 = 0.2, λ 2 = 0.2, λ 3 = 0.6.
Considering the NP-hard characteristic in the UAV mission planning problem, an improved ABC algorithm [20] is introduced in this case study, which uses reverse operator, crossover operator and mutation operator to improve the exploitation and exploration ability in basic ABC algorithm. The framework of the proposed ABC algorithm is illustrated in Fig. 5.2 . It can be seen that the proposed ABC algorithm not only applies reverse operator and crossover operator to generate new neighboring food sources, but also applies mutation operator to protect the search from getting in local minimums. It not only stresses the balance of global exploration and local exploitation, but also stresses the diversity of population during the searching process. Denote the flight routes as food sources in the improved ABC algorithm, then the control parameters can be set in Table 5 .2, which is suggested in [20] . The results of the computational experiments are summarized in Table 5 .3.
As shown in Table 5 .3, the solutions obtained in three scenarios are Pareto efficient to each other. Different objectives the DMs prefer, different mission plans they will obtain, and no absolute optimal plans can be obtained. Which plan should be selected is on the basis of real UAV ISR mission context and the preference of DMs.
Next, we use the ideal point method in uncertain approach proposed in subsection 4.3 to convert the original problem (5.1) into an uncertain single objective UAV ISR mission planning problem as follows As Ti(κ(X), η), Th(κ(X), η), and Fu(κ(X), η) re strictly increasing with respect to η 1 and η 3 , and strictly decreasing with respect to η 2 , we set η 1 , η 2 , η 3 be real value 1.2, 1.6 and 0 respectively, and then obtain the lower bounds Ti 0 , Th 0 and Fu 0 using the improved ABC algorithm. The parameter setting is the same as in Table 5 .2. As a result, we can obtain that Ti 0 = 1.2011, Th 0 = 0.0138 and Fu 0 = 0.0808. Then we can solve model (5.5) using improved ABC algorithm, and the results are shown in Table 5 .4.
Furthermore, we solve model (5.1) using ideal point method in the traditional approach, which involves transforming it into an equivalent deterministic multiobjective programming problem directly, named as multiobjective approach. The converted deterministic UAV ISR mission planning model is presented as follows, Table 5 .4. From Table 5 .4, we can see that the mission routes obtained using ideal point method in uncertain approach and multiobjective approach are different from each other, but both P E Pareto efficient. However, since the uncertain approach reflects to a certain extent the uncertain and multiobjective nature of uncertain multiobjective UAV ISR mission planning problem, and it is proved theoretically that it can produce Pareto efficient routes, especially in real ISR mission situations it can be frequent that there exist uncertain dependences among objectives, we can assert that when these dependences exist, the uncertain approach is more appropriate for the achievement of efficient mission routes than the multiobjective approach.
